We present the Pantheon 1.0 dataset: a manually curated dataset of individuals that have In all of these cases we find that measures of accomplishments and fame (HPI) correlate with an R 2 ≥50%, suggesting that measures of global fame are appropriate proxies for measures of accomplishment.
three levels of aggregation (i.e. Arts/Fine Arts/Painting), and (iii) measures of global visibility (fame) including the number of languages in which a biography is present in Wikipedia, the monthly page-views received by a biography (2008) (2009) (2010) (2011) (2012) (2013) , and a global visibility metric we name the Historical Popularity Index (HPI). We validate our measures of global visibility (HPI and Wikipedia language editions) using external measures of accomplishment in several cultural domains: Tennis, Swimming, Car Racing, and Chess.
In all of these cases we find that measures of accomplishments and fame (HPI) correlate with an R 2 ≥50%, suggesting that measures of global fame are appropriate proxies for measures of accomplishment.
Past efforts to quantify cultural production and human accomplishments include Charles Murray's Human Accomplishments book and catalog, which contributed an inventory of 4,002 significant individuals within the domains of arts and sciences 9 ; the digitized text study self-branded by its authors as Culturomics 10 ; efforts focused on structuring Wikipedia data 11 and quantifying the impact of individuals across a more diverse set of cultural domains 12, 13 . Most efforts, however, have looked only at the popularity of individuals in a few languages (predominantly in English) and lack a controlled vocabulary of cultural domains that can be used to categorize individuals and their cultural products. The latter is an essential contribution of our datasets, since without a categorization of cultural domains it is not possible to study differences between the types of cultural products generated at different time periods and in different geographies. Table 1 provides a non-exhaustive comparison surveying a sample of the various datasets previously constructed for quantifying culture, in comparison with the Pantheon 1.0 dataset that we document here. 
Methods

Data Collection
To Since people are the source of cultural information, we use globally known individuals as a proxy for cultural production. Figure 1 above summarizes the main components of the workflow used to create the Pantheon dataset. We derive our dataset of cultural production from Freebase's entity knowledge graph and add metadata from Since no globally standardized classification system currently exists for cultural production, we introduce a normalized hierarchy of cultural domains, industries and occupations. This new classification system allows us to classify biographies at three levels of aggregation. Figure 2 shows the entire cultural domain classification, with detail on the all three levels of the classification hierarchy. To create this classification hierarchy, we use raw data on individual occupations from Freebase to create a normalized listing of occupations -for example, we map "Entrepreneur", "Business magnate", and "Business development" to the normalized occupation of "Businessperson". We grouped normalized occupations into a second-tier classification (called industries), and top-level cultural domains. We associate individuals within the dataset to a cultural domain based on the occupation that best encompasses their primary area of cultural contribution. Thus, we link all individuals to exactly one occupation -for example, Barack Obama is a politician (although he is also listed as a writer on Freebase), and Shaquille O'Neal is a basketball player (although he is also listed as an actor on Freebase). By assigning individuals to only one primary cultural domain we avoid double-counting individuals within the dataset.
Yet we also introduce the limitation of restricting the contribution of polymaths to one singular domain. The challenge of fairly distributing the cultural impact of polymaths will be left for future consideration. In terms of location assignment, we attribute individuals to a place of birth by country, based on current political boundaries. We use present day political boundaries because of the lack of a historical geocoding API to attribute geographic boundaries using latitude, longitude, and time. Birthplaces were obtained by scraping both Freebase and Wikipedia, and further refined by using fuzzy location matching and geocoding within the Tables 2 and 3 show the ten people with the highest L and HPI, respectively, for a few selected periods. An individual is assigned to a period according to his or her date of birth. Here we see that the most notable biographies for each period are associated primarily with well-known historical characters. The dataset is restricted to the 11,341 biographies with a presence in more than 2. The use of place of birth to assign locations.
3. The use of biographies as proxies for cultural production.
4. Other technical limitations.
The use of Wikipedia as a data source
The data is limited by the set of people who contribute to Wikipedia. Wikipedia editors are not considered to be a representative sample of the world population, but a sample of publicly-minded knowledge specialists that are willing and able to dedicate time and effort to contribute to the online documentation of knowledge. 
The use of place of birth to assign locations
Individuals were assigned to geographic locations using their place of birth, based on present-day political boundaries. Country assignments were complemented with geocoding APIs for normalization and manual curation (to correct for errors in API and completeness). Place of birth is one way of assigning a location to an individual that allow us to assign locations in a comprehensive and consistent manner. Yet, there are biases and limitations that need to be considered when using this location assignment
method. An important limitation is the inability to account for individuals who became globally known after immigrating to another country. Would Neruda, Picasso or Hemingway be as famous if they had not participated of the Parisian art scene? The place where an individual was born is often different from the place where that individual made his or her more important contributions. In some cases, the contributions are made in a number of different places, and the use of birthplace is unable to capture where the contributions were made. This is particularly true for athletes who migrate to the world's most competitive leagues, or artists that move to the artistic centers of their time. In this dataset, such individuals are not represented since programmatically geo-coding birthplaces is more consistent than registering the place where each individual made his or her more significant contribution, which can only be found through the unstructured data buried in historical narratives.
The use of biographies as proxies for cultural production
Using biographies to approximate cultural production excludes accomplishments where a clear connection between a cultural expression and its creator is not apparent, or when a cultural accomplishment cannot be attributed to single individuals. For example, consider collective enterprises where the accomplishments are the results of teams and not isolated individuals. Examples of accomplishments that are likely to get excluded include the works of music bands or orchestras, or the products produced by a firm, where the accolades collected from accomplishments are connected to a firm, or brand, rather than to an individual.
Other Technical Limitations
Other biases and limitations include the volatility of Wikipedia and other online resources, which make the results presented here imperfectly reproducible. For example, the Yahoo Placemaker API, which was used for mapping individuals to countries by birthplace, has been deprecated recently and is no longer publicly available. Also, the set of included individuals is static and does not reflect events after early 2013 -as such, culturally impactful individuals who only recently rose to global prominence, including Pope Francis and Narendra Modi, are excluded from this dataset.
Data Records
The Pantheon dataset is publicly available on the Harvard Dataverse Network and can be accessed directly at: http://thedata.harvard.edu/dvn/dv/pantheon. The dataset is visualized at http://pantheon.media.mit.edu, a data visualization engine that allows users to dynamically explore the dataset through interactive visualizations.
The data consists of three files -pantheon.tsv, wikilangs.tsv, and pageviews_2008-
2013.tsv (Data Citation 1).
The first file, pantheon.tsv, is a flattened tab-limited table, where each row of the table represents a unique biography. Each row contains the following variable fields:
• name -name of the historical character (in English)
• en_curid -unique identifier for each individual biography, maps to the pageid from Wikipedia * . To map to an individual's biography in Wikipedia, use the en_curid field as an input parameter to the following URL:
http://en.wikipedia.org/?curid=[en_curid].
• countryCode-ISO 3166-1 alpha2 (based on present-day political boundaries)
• countryCode3-ISO 3166-1 alpha3 country code (based on present-day political boundaries)
• countryName -commonly accepted name of country
• continentName -name of continent
• birthyear -birthyear of individual * We use the English curid as the unique identifier in the Pantheon dataset; we confirmed that all biographies with L > 25 as of May 2013 had an entry in the English Wikipedia.
• birthcity -given birthcity of individual
• occupation -lowest level cultural domain (by their given occupation)
• industry -second level classification of cultural domains
• domain -highest level aggregation of cultural domains
• gender -male or female • en_curid -unique identifier for each individual biography
• lang -Wikipedia language code
• name -name in the language specified. • en_curid -unique identifier for each individual biography
• name -English name
• numlangs -total number of Wikipedia language editions
• birthyear -birthyear of individual
• gender -male or female
• 2008-01 through 2013-12 -total pageviews for the given month (denoted by the column header)
Technical Validation
Following an approach similar to that of Murray (2003) 
Formula One Racecar Drivers
First we examine the subset of the dataset containing the top 56 Formula-1 drivers, according to the number of languages in which they have a presence in Wikipedia.
For each of these drivers we created an additional dataset with the number of Grand Prix 
where x 1 is the number of podiums, x 2 is number of starts, and x 3 is an indicator for whether the individual is killed in action.
The first model in Figure 4a explains 54% of the variance in the number of languages in which each Formula-1 driver has a presence in the Wikipedia, showing that for Formula-1 drivers the number of languages in the Wikipedia accurately tracks accomplishments discounted by time. In contrast, when analyzing the same variables with the Historical Popularity Index, we find a model (see Figure 4b ) that explains 68% of the variance in the Historical Popularity Index for each Formula-1 driver. The improved fit suggests that the corrections introduced by HPI enhances the L metric and contributes an improved characterization of accomplishment for this sample of individuals. 
where x 1 is the number of weeks at the number one, x 2 is the number of Grand Slam wins, x 3 is highest rank obtained, and x 4 is the variable for gender.
For the number of language presences in Wikipedia (L), we construct a model which explains 34% of the variance in the multilingual presence of each of these individuals in the Wikipedia (Figure 5a ). This shows that once again, the number of languages in Wikipedia is a good proxy for individual accomplishments. When we considered HPI, we find an improved model that explains 63% of the variation in HPI.
This further supports the use of HPI as an appropriate proxy for accomplishment, since HPI tracks the degree of achievement for tennis players better than L. b .
Swimmers
We also perform a similar analysis considering Olympic swimmers born after 1950.
In this case, the models use the total number of medals, gold medals, gender and time from last medal. We link the fame of swimmers to these variables using an exponential function of the form:
where x 1 is the number of gold medals, and x 2 indicates gender.
In Figure 6a , the model explains 74% of the variance observed in the total number of languages that a swimmer has a presence in Wikipedia, demonstrating that this measure is a good proxy for measuring accomplishment for swimmers. When we perform the analysis for Historical Popularity Index, we find that the model explains 50% of the variance observed in the HPI for swimmers. Figure 6b shows the second model, which shows that HPI is also an appropriate proxy for quantifying accomplishment for swimmers, although in this case, HPI is not superior to L. b .
Chess Players
Finally, we perform another analysis using all of the individuals classified as chess players in the Pantheon dataset. In this case, we use data on each individual's highest ELO ranking attained, gender, total games played, and percentage of wins, losses, and draws. We link the fame of chess players to these variables using an exponential function of the form: =
where x 1 is the highest ELO ranking attained, x 2 indicates gender, x 3 is the total games played, x 4 is the percentage of wins, x 5 is the percentage of losses, and x 6 is the percentage of draws.
For the number of language presences in Wikipedia (L), we construct a model that explains 37% of the variance in the multilingual presence of each of these individuals in the Wikipedia (Figure 7a ). This further supports using the number of languages in
Wikipedia as a proxy for individual accomplishments. Using HPI (Figure 7b ), we find a model that explains 53% of the variation in HPI-demonstrating that HPI is an appropriate proxy for accomplishment, with an improved fit for tracking an individual's achievements. b .
Discussion
We introduced a dataset on historical cultural production based on biographies that have a presence in more than 25 language editions of Wikipedia. This manually curated dataset allowed us to link cultural domains (based on a classification we also introduced), to places and time. To distinguish between biographies with different levels of visibility we introduce two measures of fame: the number of languages in which an individual has a presence in Wikipedia (L), and the Historical Popularity Index (HPI). We validated these measures of global fame and visibility using external data on the accomplishments of Formula One racecar drivers, tennis players, swimmers, and chess players. In all these cases we find a good match between L, HPI, and the external measures of accomplishment, demonstrating the validity of the measures developed within Pantheon. While these case studies are not exhaustive across all cultural domains, they
show that the measures introduced are effective metrics for characterizing cultural production across diverse sets of domains, time, and geography. Consider a Formula One racecar driver. Certainly, for a Formula One racer the number of Grand Prix won, or
Championships, would be a better metric of accomplishment than the number of languages in Wikipedia. Yet, since Grand Prix won is a metric that applies only for Formula-1 drivers, it cannot be used for basketball players, swimmers, musicians or scientists. While imperfect, the measures based on the online presence of characters in diverse languages are appropriate proxies accomplishment and provide metrics that we can use to compare individuals from different cultural domains.
Additional Information (Appendix)
I. Historical Popularity Index
For each biography i, we define: Using the above, the Historical Popularity Index (HPI) of an individual, i, is defined as:
